The advent of whole-genome DNA sequencing and multipleomic technologies has led to a big data revolution in health research.
1,2 All of these technologies generate massive amounts of data, and many are relevant to allergy and immunology, including transcriptomics, proteomics, metabolomics, epigenomics, microbiomics, and exposomics. The interdisciplinary field of bioinformatics has formed in response to this influx of big data. Bioinformatics combines computer science, statistics, and biology to analyze and interpret biological data. Although bioinformatics is a technical field, visualization remains a central tool for understanding the complex relationships found in these data sets. This article provides a review of current bioinformatics data visualization best practices through a series of case studies using publically available mechanistic data from a recent oral immunotherapy clinical trial. 3 Although statistical graphics have been in use since at least the 1600s, 4 work to understand the links between visualization and human perception and to create visualization ''best practices'' is much more recent. 5, 6 Modern data visualization combines techniques developed across diverse fields, including psychology (perception, attention), color theory, statistics, and computer science (human-computer interaction, big data storage, and processing). This multidisciplinary approach to visualization serves as a cornerstone for understanding bioinformatics data.
BIOINFORMATICS VISUALIZATION TECHNIQUES Fundamentals
Visualizing bioinformatics data allows researchers to gain insight into their data that is not obvious from simple descriptive statistics (see Fig E1 in 
Visualization in allergy and immunology
The basic techniques described above can be used to great effect in allergy and immunology research. As a case study, we downloaded the publically available data sets from the Oral Immunotherapy for Treatment of Egg Allergy in Children study 3 through the National Institutes for Allergy and Infectious Diseases data-sharing site ImmPort and created a series of data visualizations using the study data. We used the basic data visualization techniques described above to create figures showing changes in cytokine levels by treatment arm (see Fig  E6 in this article's Online Repository at www.jacionline.org) that matched the findings from Burks et al 3 showing that oral immunotherapy reduces CD63
1 basophil levels when compared with placebo. Data from the same study are used throughout this report to demonstrate other visualization techniques.
Dealing with overplotting
Overlapping points, also known as overplotting, are very common when visualizing large data sets (see Fig E7 in this article's Online Repository at www.jacionline.org). Simple data transformations (eg, logarithmic scales) should always be considered when visualizing data, but transformations alone do not always resolve this issue. Visualization techniques, such as alpha blending (reducing the opacity of individual points), jittering (adding small amounts of random variation to points), and binning (grouping similar points), are useful tools for dealing with overplotting, as are visualizations using summary statistics. Box plots, histograms, and density plots can provide an overview of univariate distributions, and bag plots (an extension of box plots), contour plots, and hexagonal binning can summarize bivariate relationships more effectively than a plot showing every data point. It can be especially informative to combine multiple approaches in the same graphic (Fig 1, C, and see Fig E7, F) .
Faceting
Visualizations often need to be expanded to include more than 2 variables of interest. Information can be visually encoded in many ways, but only some encodings scale well to large data sets. For example, adding different symbols or detailed annotations to a plot with thousands of points will not accomplish much given the large amount of data displayed. On the other hand, expanding a chart to include multiple panels, also known as faceting, is generally an effective method of incorporating multivariate data in visualization and can be used in combination with any number of other techniques (see Fig E7, G) . A, B, C, and D, respectively) . All graphics use publicly available data from Burks et al. 3 Source codes are available at https://github.com/RhoInc/JACI-BioinformaticsGraphics.
Color
Color encoding is one of the most common visualization techniques, but color can reveal patterns when used effectively or hide them when used poorly. Different color palettes are appropriate for sequential data (light colors for low data and dark colors for high data), diverging data (light colors for midrange data and high-contrast dark colors for low-and highrange data), and qualitative data (colors designed to give maximum visual difference between classes). ColorBrewer 8 provides a series of color palettes for all types of color encodings, including color-blind and photocopy-friendly palettes, and serves as an excellent entry point when selecting colors (see Figs E4 and E5).
Scatterplot matrices and heat maps
A scatterplot matrix is a 2-dimensional grid showing each possible pair of associations for a series of variables. These matrices are flexible tools that work well in bioinformatics analyses. Depending on analytic objectives, these matrices can either be customized to incorporate diverse statistical methodologies and visualization techniques (see Fig E8 in this article' s Online Repository at www.jacionline.org) or streamlined to present thousands of comparisons in a heat map (Fig 1, B , and see Fig E9 in this article's Online Repository at www.jacionline.org).
High-dimensional data
Dealing with overplotting and incorporating several variables into a visualization by using faceting and thoughtful use of color is valuable but is of limited use in data with hundreds or thousands of variables. Data at this scale, also known as high-dimensional data, are common in bioinformatics analysis. These highdimensional data present complex statistical issues and require methods that combine applied statistics and computer science.
Novel custom data visualizations, such as genome explorers 9 and Circos diagrams 10 showing massive numbers of bivariate associations in a circular layout, are constantly being developed and refined in conjunction with these new methods.
Dimension reduction
Dimension reduction techniques, such as principal components analysis or metric multidimensional scaling, can also be used to reduce high-dimensional data to its most salient features. The main idea of these techniques is to transform the original multivariate data into a set of new smaller dimensions, which can be visualized by using standard techniques. It is important to normalize variables before using these techniques. Biplots, an exploratory visualization allowing both samples and variables to be displayed, are particularly useful. Points that are close to each other represent observations with similar values, and highly correlated variables point in the same direction (or opposite for negative correlations), whereas uncorrelated variables are at right angles to each other (Fig 1, D, 
Network diagrams
Bioinformatics data are often represented as networks. A network diagram is composed of nodes (or vertices) representing their features and edges for their connections. Given the sizes and complexity of networks, techniques that automate their creation are important. For example, a force-directed layout applies simulated attractive and repulsive physical properties to nodes and edges to determine optimal positions for each element of the visualization (see Fig E11 in this article' s Online Repository at www.jacionline.org).
FIG 1. (Continued).
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Interactive graphics
As research and communication methodologies have moved from paper-based to digital, visualizations are no longer required to be static nor limited to the constraints of print. As a result, interactive data visualization has become a compelling complement to all types of static visualization. Interactive graphics are often implemented in Web pages that pair traditional statistical graphics with simple graphical user interfaces that allow for realtime data exploration. An interactive graphic that starts with a summary display (overview) and then allows for the removal of uninteresting items (filtering) while focusing on data points and trends of interest (zooming and details-on-demand) gives researchers the ability to investigate complex data with intuitive tools. 11 This pattern mirrors biomedical research in general and scales well to bioinformatics data. Until recently, specialized technical knowledge was needed to configure interactive graphics for bioinformatics data, but many standalone packages that provide simple ways to configure and share sophisticated interactive graphics have been released in recent years, significantly lowering the bar for entry (see Table E1 in this article's Online Repository at www.jacionline.org). Many compelling medical journals increasingly encourage the development of Web-only online supplemental material in parallel with traditional manuscripts.
CONCLUSION
Bioinformatics data are too complex and nuanced to rely on a one-size-fits-all visualization solution, but a set of foundational tools and techniques is rapidly emerging (see Table E1 ). Creating informative visual representations of bioinformatics data requires a well-rounded approach that combines foundational data visualization principals, custom visualizations created for specific biologic processes, and new visualization techniques merging traditional statistical principles with emerging technology.
